Abstract Santa Ana Winds (SAWs) are an integral feature of the regional climate of Southern California/ Northern Baja California region, but their climate-scale behavior is poorly understood. In the present work, we identify SAWs in mesoscale dynamical downscaling of a global reanalysis from 1948 to 2012. Model winds are validated with anemometer observations. SAWs exhibit an organized pattern with strongest easterly winds on westward facing downwind slopes and muted magnitudes at sea and over desert lowlands. We construct hourly local and regional SAW indices and analyze elements of their behavior on daily, annual, and multidecadal timescales. SAWs occurrences peak in winter, but some of the strongest winds have occurred in fall. Finally, we observe that SAW intensity is influenced by prominent large-scale low-frequency modes of climate variability rooted in the tropical and north Pacific ocean-atmosphere system.
Introduction
SAWs are episodic pulses of easterly, downslope, offshore flows over the coastal topography of the California Border Region (CBR): Southern California and Northern Baja California. SAWs represent a distinct and common regional cool season weather regime, a reversal of the typical wintertime onshore winds, contrasted with northwesterly alongshore and onshore flow characteristic of summer [Conil and Hall, 2006] . SAWs are associated with very dry air, often with anomalous warming at low elevations, and produce strong gusty downslope winds concentrated in gaps and on the lee slopes of the coastal ranges, e.g., Santa Ana, Santa Monica, and Laguna Mountains.
It is in these rugged hills and canyons, after long dry summers characteristic of this Mediterranean climate, that SAWs can drive catastrophic wildfires that CBR is infamous for [Boyle, 1995; Moritz et al., 2010; Westerling et al., 2004] . SAWs fanned the October 2007 wildfires that killed nine people, injured 85 others including 61 fire fighters, and destroyed upward of 1500 homes, scorching 2000 km 2 of land on the U.S. side of the border alone.
The October 2003 SAW-fanned wildfires were even more extensive. Wind-blown smoke inhalation from these 2003 wildfires in Southern California resulted in 69 premature deaths, 778 hospitalizations, 1431 emergency room visits, and 47 K outpatient visits [Delfino et al., 2009] . More recently, the rare May 2014 events fanned extraordinarily late season fires following an extremely dry winter. Moreover, early and late season SAWs drive coastal heat waves, one reason why early fall rather than summer is historically the season for the hottest temperature extremes along the coast [Gershunov and Guirguis, 2012] . In spite of their tremendous episodic impacts on the health, economy, and mood of the region, a direct wind-based, long-term, and high-frequency climatology of SAWs is not available and relationships with larger-scale climate variability have not been clearly elucidated. This article begins to address these knowledge gaps for SAW behavior.
Indirect or proxy-based climatologies of SAWs have been typically diagnosed from synoptic-scale information. Raphael [2003] diagnosed 33 years of daily SAWs from observed pressure fields, while Jones et al. [2010] diagnosed 28 years of daily Fire Weather Index (FWI) [Fosberg, 1978] values, of which dry winds are a component, derived from the North American Regional Reanalysis [Mesinger et al., 2006] . Abatzoglou et al. [2013] developed the longest empirical daily reconstruction to date, from 1948 to 2012 based on pressure fields and temperature advection from global reanalysis.
Mesoscale modeling (MSM) has also been employed in the study of SAWs, typically to investigate the anatomy of SAWs from small samples of individual events [e.g., Sommers, 1978; Lu et al., 2012] . Moritz et al. [2010] provided a longer perspective using a decade of SAWs dynamically downscaled and demonstrated the ability [Conil and Hall, 2006] and to investigate their causal mechanisms . Following on this work, Hughes et al. [2011] investigated anthropogenic climate change impacts on SAWs.
Here we use mesoscale modeling-derived wind data exclusively to define and quantify a long record of observationally validated SAWs. In what follows, we use observed wind to validate hourly winds in a 65 year dynamical downscaling of a global reanalysis to 10 km. We develop and apply a SAW definition with locally specific wind thresholds, and after determining their canonical spatial footprint, we define a SAW Domain, from which a SAW Regional Index is constructed. Subsequently, we examine the SAW climatology, paying particular attention to extremes, noteworthy events, interannual and longer-term variability. We finally discuss results in the context of regional climate variability, predictability and change, and in terms of their relevance to wildfire.
Data and Methods

Modeled Winds
To examine SAW variability in space and time, we use winds from the California Reanalysis Downscaling to 10 km, CaRD10 [Kanamitsu and Kanamaru, 2007] . CaRD10 provides hourly instantaneous winds at 10 m above the ground from 1948 to 2012, which is the longest mesoscale record to date. Our domain extends from (118.115°W, 35.081°N) at the NW point to (116.035°W, 32.053°N) at the most SE point with a total of 756 grid cells (21 × 36), capturing the core of the CBR extending 65 km across the border into Northern Baja California, Mexico (Figure 1 ).
Validation
The model skill is tested against sustained wind (wind speed average) and wind gust (maximum "instantaneous" wind speed) observations from 85 Remote Automated Weather Stations (RAWS) and one Automated Surface Observing System station (ASOS) across the domain (shown in Figure 1 ). Correlation coefficient (r) and normalized root mean squared error (NRMSE) are calculated for the overlapping part of the stations and CaRD10 records.
CaRD10 winds correlate more strongly with gusts than sustained winds at 78 (91% of) stations. This consistently stronger link with observed gusts is seen on the histograms shown in Figures S1a and S1b. Errors, measured as NRMSE, against gusts are also consistently smaller than errors against sustained winds (Figures S2a and S2b) ; this is the case at 65 (76% of) stations. When using SAWs (see section 2.3 for the definition of SAW) only, correlations at some stations improve but deteriorate at others (see flatter histograms in Figures S1c and S1d compared to Figures S1a and S1b). However, the agreement between modeled SAWs and observations still consistently favors observed gust over sustained wind (Figures S1c, S1d, S2c, and S2d) . Modeled winds are instantaneous, neither sustained nor gust. Modeled winds overestimate sustained near-surface winds. Beyond possible model biases, part of the reason for this may be that observed winds are affected by fine-scale orography, as well as 
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obstructions around the anemometer, not resolved by the model. Gusts are less sensitive to such features as they are more related to the flow above the boundary layer via turbulent mixing [Brasseur, 2001] .
Local Definition of Santa Ana Winds
Modeled strong winds tend to converge between easterly and northeasterly directions with surface relative humidity dropping into single digits ( Figure S3 ). This behavior suggests that wind direction and speed are sufficient to define SAWs. At each grid cell or station, we first identify winds with directions > 0°and < 180°(winds with a negative u component) and define local speed thresholds as the upper quartile of the direction-selected winds. Periods with at least 12 h of continuous selected winds that exceed the local wind speed threshold for at least 1 h are defined as SAWs. Discontinuities are allowed for periods of 12 h or less, to allow for breaks in SAW events, e.g., competing afternoon sea breeze episodes. The resulting SAW index reflects the full wind speed during periods that fulfill the direction-continuity scheme.
Ramona, California (Figure 1 ), located in west facing foothills of the Laguna Mountains, is known to be a windy fire prone location where the late October Cedar Fire (2003) and Witch Creek Fire (2007) burned during severe multiple wildfire episodes. In this work, we turn to Ramona for local examples. The correlation for the whole period of available gust and sustained wind observations (from 2005 to 2010) with Ramona SAW is 0.7 and 0.6, respectively. Figure S4b shows the excellent agreement between SAW and observed gust at Ramona, during early season SAW events of 2007 and 2010.
Regionalizing Local SAWs
We examine the spatial and seasonal coherence of locally defined SAWs. In the CaRD10 data set, the strongest SAWs are found on downwind slopes of the main topography, while SAWs relative to other winds reflect an almost identical pattern (Figures 2a and 2b ) with comparatively lower values at sea, and lowest values over 
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We calculate the empirical orthogonal functions of hourly SAWs. The leading principal component (PC1) explains 50% of the total hourly SAWs variance over the region and its time series corresponds to SAW seasonality ( Figure S5a ). Broad regional coherence of SAW selection is displayed as correlations of PC1 with SAWs time series (Figure 2c) . We also quantify the regional concurrence of SAWs across the domain with Ramona SAWs (Figure 2d ), noting that SAWs at selected locations are well represented by the regional aggregate SAW index (described below). Consistent with the above results, we define the SAW Domain as the region displaying coherent SAWs in time and magnitude. Thus, the SAW Domain is explicitly constrained to grid cells where PC1 explains 50% of the variance, i.e., where correlations between SAWs and PC1 exceed 0.7 and by high wind speed ratios (>1.5). For the sake of continuity, we include the low-ratio cluster of grid cells northeast of the Santa Ana Mountains and adjacent ocean grid cells (~40 km offshore). SAW Domain covers 43% of the original domain (Figure 2 ).
The SAW Regional Index (SAWRI) is then defined as the hourly average of the SAWs across all the grid cells within the SAW Domain. Hourly SAWRI is correlated with PC1 at r = 0.9 and with Ramona SAWs at r = 0.7. We reconstruct two seasons of observed SAW Regional Index (SAWRI obs ) from in situ wind observations. The correlation between the hourly SAWRI and SAWRI obs is 0.6. Comparison at different temporal resolutions is shown in Figure S5 .
SAW events are directly quantified by continuous periods of SAWRI and classified into three categories according to their maximum SAWRI-weak (<5 m s À1 ), moderate (5-10 m s
À1
), and extreme (10-15 m s À1 ). Extremes events are above the 90th percentile of all events on record. Finally, we integrate SAWRI overtime to obtain total seasonal SAW intensity.
Results
SAW Climatology
Regionally, i.e., using SAWRI we detect a total of 2056 events on the 65 year record yielding an average of 32 occurrences per year. Typical SAW episodes last 1-2 days and represent 27% of the occurrences ( Figure S6a ). SAW events lasting up to 6 days account for 90% of all occurrences. The remaining 10% are made up almost entirely of events lasting between 7 and 12 days. Locally, the occurrence of events lasting 1-2 days is consistent with regional detection (also 27% of all events). However, shorter events (between 12 and 24 h) are the most frequent ( Figure S6b ). This suggests that mild SAW pulses over most active SAW locations (red areas in Figure 2a ) may not be detected regionally, as they dissipate before reaching the coast. The mean and maximum SAWRI representing events lasting up to 5 days appear to increase linearly with duration ( Figures S6c and S6e) . For events longer than 5 days, the mean and maximum SAWRI reach limit speeds (~5 and 9 m s À1 , respectively) regardless of their duration. The duration-intensity relation for local SAWs is comparable (see Figures S6d and S6f) to regional results.
The SAW season extends from October to April, when SAW events occur at least twice per average month (Figure 3d ). SAWs tend to be most frequent in December but most durable and strong in January. Early and late season SAW episodes occur, on average, about once per month in September and May, and typically exhibit moderate duration, and moderate regional speeds, i.e., mean and maximum SAWRI (Figures 3a-3c) . Although not on our record, the two events of May 2014 (http://abcnews.go.com/topics/news/weather/ santa-ana-winds.htm) appear to have been exceptional. This seasonal cycle of SAWs, although described in more detail here, generally agrees with seasonality identified in other studies [Jones et al., 2010; Raphael, 2003] .
In addition to the seasonal cycle, the hourly SAWRI resolves a well-defined diurnal cycle ( Figure S7 ), reaching their maximum in the morning and decay to their minimum in the late afternoon. Local diurnal cycle of SAWs is line with SAWRI; however, inland and coastal locations are slightly different. At the coast, the onshore sea breeze may to some extent counteract SAWs starting in the morning and during some events the winds may reverse in the late afternoon.
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Climatology of SAW Extremes
Under the SAW and extreme definitions established, extremes account for 10% of the total number of events (on average three events per year). Extreme SAWs are most common in December, and January, but also occur in the shoulder seasons, with more extremes in fall compared to spring (red histogram in Figure 3d ). Even though the highest frequency of extreme events is observed during the coldest months, maximum SAWRI can be just as extreme in the fall (Figure 3b ). For example, three out of the top five SAW events with maximum SAWRI above 15 m s À1 occurred in fall.
Variability and Trends
Our results indicate considerable variability of SAW frequency, duration, and total intensity (total or by category) on interannual to decadal time scales. There are no significant long-term trends (Figures 4a-4c ), except for a modest upward trend in the intensity of extreme SAWs (Figure 4d ). For the record the frequency of extreme events accounts for 9% of all SAW events, but they contribute 25% to the total seasonal intensity. Closer examination reveals that this trend results mainly from a step-function-type change that roughly corresponds to the North Pacific climate shift in the mid-1970s [Mantua and Hare, 2002] . A similar shift is also evident in the SAW duration and intensity (Figures 4b and 4c) . The shift in these other variables, although not resulting in a significant trend, is much more in line with the 1976 Pacific Decadal Oscillation (PDO) shift. 
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Potential Seasonal Predictability
The time series in Figure 4 indicate a change in the behavior of seasonal SAW intensities coinciding with the shift of the Pacific Decadal Oscillation (PDO) to its positive phase in 1977. This suggests that seasonal atmospheric anomalies associated with PDO teleconnections [Favre and Gershunov, 2009; Mantua and Hare, 2002] may influence SAW activity. Because PDO teleconnections influence circulation anomalies via their modulation of El Niño-Southern Oscillation (ENSO) teleconnections [Gershunov and Barnett, 1998 ], we examine total seasonal SAW intensity anomalies composited by ENSO and PDO phases. Moreover, Raphael [2003] suggested a relationship between ENSO and late season (February-March) SAW frequency.
Intensity anomalies are shown in box-and-whisker plots spanning the composite samples and quantified in percent deviation from the 65 year SAWRI climatology ( Figure 5 ). We use bootstrapping as in Gershunov and Barnett [1998] to test whether composite mean deviations from climatology are significant. We find a significant positive signal in El Niño/PDO(+) years amounting to~10% increased intensity and a negative signal in La Niña/PDO(À) years amounting to~10% decrease in regional SAW intensity. These are the same constructive ENSO/PDO interactions that account for predictable precipitation signals [Gershunov and Barnett, 1998 ] such that enhanced/decreased SAW activity tends to coincide with enhanced/decreased precipitation seasonally. This bodes well for seasonal fire danger, but obviously, there is a lot of scatter in the composites as is seen on Figure 5 . The significant relationship we find between SAW and ENSO is broadly consistent with the suggestion of Raphael [2003] that El Niño is Intensity (m) 1948 1949 1958 1959 1968 1969 1978 1979 1988 1989 1998 1999 2009 2010 Extreme events 
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Discussion and Conclusions
In this work, we present direct local and regional long-term perspectives on hourly Santa Ana Winds that address specific voids in current knowledge: (1) constructing a long-term, high-resolution, region-wide climatology against which the evolving SAW mean and extreme conditions in magnitude and time can be assessed and (2) validation using a broad network of wind observations to realistically address local and regional variability.
The seasonal frequency of SAW clearly reflects mechanisms responsible for peak SAW frequency in December and January. These months have the least sunshine and longest nights essential for producing cold air masses over the Great Basin-the necessary condition for SAW. These months also experience a peak in transient synoptic activity that causes strong pressure gradients-the triggers of SAWs. On average longer events shift to higher SAWRI means and maxima up to 6 days but with a wide dispersion for each duration bin. The weak relationship between duration of SAW events and their maximum speeds agrees well with the fact that some events are mostly associated with local temperature gradient, while others are synoptically driven. A combination of these forcing mechanisms produces strong and long-lasting SAWs . The cold air pooling over the elevated Great Basin also results in diurnal cycles of SAWs, which are strongest in the early morning hours when the thermodynamic mechanism is enhanced.
Under climate change, the Great Basin is projected to warm faster than the coastal region, which suggests that SAW occurrence may diminish [Hughes et al., 2011] . However, the reconstructed historical record of SAWs does not thus far support such expectation. Instead, it raises new questions about future SAWs and fire seasons. The only long-term trend that we observe is in the extremes of SAWs, which appears to be related to the mid-1970s North Pacific climate shift.
We find that seasonal SAW intensity is sensitive to prominent large-scale low-frequency modes of climate variability rooted in the tropical and North Pacific ocean-atmosphere system. These same modes are also known to predictably affect the hydroclimate of this region [Gershunov and Cayan, 2003] . As is the case with regional seasonal precipitation anomalies, seasonal SAW intensity is enhanced during El Niño (especially if PDO is positive) and subdued during La Niña (especially if PDO is negative) winters. This SAW intensification during El Niño/PDO(+) seasons may be due to the southward displaced stormtrack and generally stronger synoptic activity enhancing the offshore pressure gradients that drive SAWs. Our empirical results suggest that seasonal ENSO-related prediction of SAW activity and fire risk may be possible, a topic for further investigation. These results taken together with the known sensitivity of regional hydroclimate to global climate change [Polade et al., 2014] , warrant a fresh look at climate change projections of SAWs, precipitation regime and fire risk. Numbers below each category are the number of SAW seasons (sample) that fell into the given composite. Boxes show one standard deviation from the mean, dots are outliers, and whisker marks the maximum and minimum outliers. Red boxes outline the 95% confidence region for means of bootstrapped (random) sampling distributions so that a sample mean lying outside the red zone signifies a statistically significant signal revealed with 95% confidence.
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